Purpose. Online fitness communities are a recent phenomenon experiencing growing user bases. They can be considered as online social networks in which recording, monitoring, and sharing of physical activity (PA) are the most prevalent practices. They have added a new dimension to the social experience of PA in which online peers function as virtual PA partners or supporters. However, research into seeking and receiving computer-mediated social support for PA is scarce. Our aim was to study to what extent using online fitness communities and sharing physical activities with online social networks results in receiving various types of online social support. Method. Two databases, one containing physical activities logged with Strava and one containing physical activities logged with RunKeeper and shared on Twitter, were investigated for occurrence and type of social support, by means of a deductive content analysis. Results. Results indicate that social support delivered through Twitter is not particularly extensive. On Strava, social support is significantly more prevalent. Especially esteem support, expressed as compliments for the accomplishment of an activity, is provided on both Strava and Twitter. Conclusion. The results demonstrate that social media have potential as a platform used for providing social support for PA, but differences among various social network sites can be substantial. Especially esteem support can be expected, in contrast to online health communities, where information support is more common.
Original Article
Technological developments such as the Internet, social media, and mobile devices have introduced the possibility to seek and receive social support in a computer-mediated environment. An extensive body of research exists on the beneficial effects of computer-mediated support groups for various physical and psychological health issues. However, research into seeking and receiving computer-mediated social support for physical activity (PA) is somewhat less available.
Traditionally, friends, family, and significant others are considered as the most predominant sources of social support for PA (Anderssen & Wold, 1992; Dahlem, Zimet, & Walker, 1991; Prochaska, Rodgers, & Sallis, 2002; Reyes Fernández, Montenegro, Knoll, & Schwarzer, 2014) . Different types of social support can be provided by different sources and can differ according to whom the support is intended for. For adherence to an exercise regimen, family support and support from important others, such as colleagues and physicians, are considered to be an important source of social influence and determining for PA adherence and compliance (Beets, Cardinal, & Alderman, 2010) .
Social support as an umbrella phrase captures both support perceptions (perceived support) and receipt of supportive behavior (received support). Perceived support has been more prominently linked to health as compared with received support, with researchers offering differing assessments of the strength of the received-perceived support relationship (Haber, Cohen, Lucas, & Baltes, 2007) . The relationship between received social support and health appears more indirect. For example, Luszczynska, Sarkar, and Knoll (2007) indicated that received social support positively influenced adherence to antiretroviral medication through its positive effect on self-efficacy. In this article, the emphasis is on received support or the quantity of supportive behavior received by an individual.
Substantial research exists on practices of social support in online health communities, defined as online environments in which users interact with one another around a set of common interests or shared purpose related to health (Newman, Lauterbach, Munson, Resnick, & Morris, 2011) . Winzelberg (1997) analyzed 306 messages posted in an 703055H EBXXX10.1177/1090198117703055Health Education & BehaviorStragier et al.
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1 IMEC-MICT-Ghent University, Ghent, Belgium 2 Ghent University, Ghent, Belgium eating disorder electronic support group. He concluded that requests for informational support and provision of emotional support were most common. Using a thematic deductive analysis, Coulson (2005) categorized 572 messages, posted in a computer-mediated support group for people living with irritable bowel syndrome, into the five main categories of social support defined by Cutrona and Suhr (1992) . Information support appeared to be the primary type of social support that was being provided.
The potential of online social networking for health promotion is increasingly acknowledged (Balatsoukas, Kennedy, Buchan, Powell, & Ainsworth, 2015; Maher et al., 2014; Vandelanotte & Maher, 2015; Williams, Hamm, Shulhan, Vandermeer, & Hartling, 2014) . Cobb and Graham (2012) argue that Facebook offers significant opportunities to intervention designers due to its social network connection that affords both large-scale diffusion and social support. Cavallo et al. (2012) used Facebook in an intervention study attempting to enhance social support for PA. Although they did not find a greater perception of social support between intervention and control group, it is argued that further use of online social networks in health promotion should be investigated.
Online fitness communities (OFCs), for example, RunKeeper, Strava, Endomondo, and MapMyRun, are a recent phenomenon that experienced growing user numbers in recent years (Delaney, 2013) . On these platforms, results of exercise sessions or other physical activities can be uploaded. This mostly involves running, cycling, and walking, but uploading other activities, including swimming, skiing, or skating, is also common (Stragier, Mechant, & De Marez, 2013) . This enables the users to monitor their progress on their personal profile page. Furthermore, the platform enables social interaction among users by means of goalsetting, joining groups, and sharing activities with others. Twitter and Facebook users can also share their activities with their Facebook friends or followers on Twitter.
The possibility to share PA with online peers adds a potentially new angle to the social dimension of PA, which has been considered traditionally from a face-to-face perspective, pointing to friends, family, and peers as the most important sources of social support for PA. The role of friends and followers on online social media has not been addressed to date, although often this has become the principal platform for Internet users to share information. Therefore, the aim of our research is to investigate the occurrence and nature of online social support for PA.
In this article, the emphasis lies on social feedback provided to PA shared on social media. More specifically, the extent to which this social feedback contains certain types of social support is investigated. First, we will verify to what extent social feedback is provided to (a) physical activities posted in an OFC (Strava) and (b) activities logged with RunKeeper and shared on a social network site (Twitter) . Second, we want to know what types of supportive messages are provided in the feedback.
Method

Data Collection
Data were collected from RunKeeper, Strava, and Twitter. RunKeeper, one of the most popular OFCs, had 50 million users in 2016 (Southern, 2016) . It is used for logging a wide variety of activities of which running, cycling, and walking are most prevalent. Strava is an OFC that mainly focuses on leisure time PA, especially cycling and running. The latest figures on the Strava user base suggest 10 million users (Loizos, 2013) generating 2 million activities per week (Strava Labs, 2014) . It was opted to use the OFCs Strava and RunKeeper for their large user bases and frequent listing among popular health-and fitness-tracking apps.
Founded in October 2006, Twitter serves as an outlet for a user's thoughts and opinions, expressed in status reports or "tweets" of maximum 140 characters. These tweets are either public and visible to all, or private and visible only to the Twitter user's "audience," who in Twitter terms are named "followers." Followers have the opportunity to respond to tweets using @replies, which are comments or reactions that can be posted on a tweet; they can "favorite" a status, which means they can indicate to like or appreciate the tweet; and they can "retweet" a status. Retweeting implies that a follower in turn shares the tweet with his or her followers.
An example of a PA report on Twitter is presented in Figure 1 . It reports on the completion of a marathon by a RunKeeper user ("Just completed a 26.20 mi run"). Furthermore, the tweet contains a personal reflection of the runner on the activity ("First marathon under my belt. Boom!"), a short URL that redirects to the RunKeeper platform on which further data of the activity, such as speed, time, and trajectory, can be accessed (http://rnkpr.com) and the hashtag #RunKeeper. Furthermore, Figure 1 illustrates that the tweet got "favorited" four times, "retweeted" once, and received three "@replies."
Two data sets were collected. One data set contained 33,908 tweets with the hashtag #RunKeeper that reported on the completion of PA from May 4 until July 2, 2013. The other data set consisted of 2,161 Strava activities. It was opted to use activities from both Strava and RunKeeper to ensure a broader data collection beyond activities collected with only one OFC. Data from one of the OFCs was extracted from Twitter. In doing so, it was possible to observe potential differences in social support provided directly on an OFC (Strava in this case) and in second instance, shared outside the OFC on a social network site, in this case Twitter.
The database containing tweets with the hashtag #RunKeeper was created using a custom PHP script that interacted with the Twitter Application Programming Interface (API) function GET search/tweets (Twitter, 2013) . Particular interest was placed in the expressions of social support that are given to the tweet, for which the amount of favorites, retweets, and @replies were considered. Therefore, starting on August 2, 2013, the Twitter API was used again to collect the number of retweets and favorites of the original tweets. This could be achieved for 32,493 of the initial 33,908 tweets. The remaining 1,415 were no longer retrievable due to deletion of the tweet, the closing of the corresponding Twitter account, or the change from a public to a protected account. This might point to increasing privacy awareness of some Twitter users. After all, Twitter users are tweeting to a largely invisible, "unseen" (Scheidt, 2006) , or "imagined" audience (Marwick & Boyd, 2011) . Moreover, in the absence of a clear-cut communication context, they might be confronted with trolling and harassment.
A custom PHP script was used to collect all @replies for the given tweet. The end result was a database of 32,493 tweets, from 18,991 Twitter users, containing per tweet the number of favorites, retweets, and all the @ replies.
The database containing the Strava activities was collected using the Strava API in June 2014. First, a random sample of Strava athletes was asked for their cooperation in our research. These athletes were asked for consent to use their Strava data. When granted, random activities of these Strava users (N = 206) were downloaded using the Strava API. For each of the 2,161 activities, all comments and kudos were collected as well. Figure 2 demonstrates the data collection process.
Data Analysis
Descriptive quantitative statistical analysis was applied to assess the amount of social feedback that was provided to activities posted on Strava and RunKeeper activities shared on Twitter. To assess the nature of social support provided in Strava comments and Twitter @replies, a deductive content analysis was applied. Content analysis is a systematic method used to analyze written, verbal, and visual communication messages (Cole, 1988) . This method is frequently applied in social sciences. The aim is to describe a phenomenon as thoroughly as possible by means of summarizing the phenomenon into concepts and categories (Elo & Kyngäs, 2008) . Content analysis can be either inductive or deductive. An inductive research approach is mostly used when insufficient knowledge from prior or existing research is available. In deductive content analysis, the analysis is based on existing theory and applied to new data. Deductive analysis starts with selecting the unit of analysis-in our case, the comments received on Twitter and Strava. Next, a theory-based categorization matrix is developed, and the units are coded into categories. In our study, a deductive content analysis was used.
The analysis departed from Cutrona and Suhr's (1992) typology of social support as used by Braithwaite, Waldron, and Finn (1999) , depicted in Table 1 . The typology has five main categories: information support, tangible assistance, network support, esteem support, and emotional support, each with their own subcategories. All comments that inquire the poster to his or her experience of the activity or future goals were categorized under a new category labeled "Showing interest."
For the activities shared on Twitter, a new database was created containing only those activities that received one or more @replies. This resulted in a database of 1,787 original activity tweets that received 5,226 @replies. Second, this number of @replies was reduced by selecting only those tweets with @replies written in languages understood by the researchers (English, Dutch, German, or French), leaving 1,248 original tweets and 3,504 accompanying @replies. A random sample of 882 activities, with 2,533 accompanying @replies, was retained for analysis.
For Strava, all of the activities that received comments (N = 395) were retained. The number of comments posted to these activities was 1,198. Similar to the tweets, only those activities with comments posted in English, Dutch, German, or French were selected, which resulted in 783 comments retained for content analysis. Two researchers independently coded the @replies and comments. One researcher coded the full sample of @replies (N = 2,533) and Strava comments (N = 783), and the other researcher coded a random subsample of 1,000 @replies and all of the Strava comments. Cohen's kappa was used to calculate intercoder reliability. Since tweets and comments could be assigned to multiple categories, kappa was calculated for each category separately. For all categories, kappa reached satisfactory values above .65, indicating a considerable similarity between the codes assigned by both researchers. In order to settle the coding differences, a "judge" was used (a noninvolved researcher) to decide on labels that both coders could not agree on.
Results
Presence of Social Feedback
For Twitter, 6.8% of the 32,493 activities received some form of social feedback; 3.2% received at least one "favorite," 0.6% got "retweeted" once or more, and 5.5% received at least one @reply. Aggregating the tweets per Twitter user shows that 10.3% of the Twitter users whose activities were collected got some form of social feedback on one or more of their activities.
On Strava, 56.6% of the activities that were collected received some form of social feedback, 57.7% received one or more "kudos," 21.3% received one or more comments, and 79.8% of the Strava athletes got some form of social feedback to their activities. However, the question remained to what extent the @replies and comments were containing some form of social support.
Types of Social Support
Further analysis of the @replies and comments provided more insight into the presence and types of social support. Table 2 shows the results of the deductive content analysis. For Twitter, 51.3% of the replies were labeled "no support." These replies did not contain any kind of social support as defined by the categories in our theoretical framework. Issues that are observed in these replies are, for example, discussions about malfunctioning of the app, making plans to go out for drinks, joking about the activity, and describing the purchase of new equipment. On Strava, 43% of the comments did not contain any type of social support.
Of the @replies, 9.6% was labeled as "gratitude." As the category label suggests, these replies are expressions of gratitude in response to other @replies. The assigned label "gratitude" grants some insight in individuals' support perceptions (perceived support) and demonstrates the individuals' awareness when receiving supportive feedback; 91% of these "gratitude replies" came from the poster of the activity tweet. The other 9% was posted by repliers who, in their turn, received some form of social support from the poster of the activity tweet. The @replies from followers are often replied to by the poster of the activity. In fact, 40% of the @replies to an activity came from the poster of the activity himself or herself, as a reaction to the other replies; 22% of the poster's replies are expressions of gratitude for support. Furthermore, they often also express support to their repliers. For example, to the activity: For Strava, 9.1% of the comments were labeled "gratitude," and 81.7% of the coded "gratitude" comments came from the poster of the activity.
On Twitter, 43.6% of the @replies contained social support from one or more of the categories in the theoretical framework. On Strava, this was 51%.
Esteem support, expressed as compliments for the activity, appeared to be the most prevailing type of support; 28.9% of the @replies contained some compliment to the poster of the activity. Examples include "Congratulations," "Nice one!" and "Great job." For Strava, esteem support was most prevailing as well, occurring in 33% of the comments. Information support was found in 2.1% of the @replies. "Advice" was the only category occurring under information support. Generally, advice is given on injury prevention, equipment, potential races, and so on, often as a reaction to the personal reflection of the poster of the activity, for example, the activity:
Just completed a 6.19 mi run -Lots of hills today! Calf pain still, must have pulled something http://t.co/xxx#RunKeeper got the following reply: @hxxx I had that issue a little while ago. I did more pre and post stretching. Seems to have helped.
On Strava, a similar amount of advice (2.1%) was given in the comments.
Four subcategories of emotional support were found in the @ replies and comments. "Encouragements" were the most prominent subcategory on Twitter (2.2%). Encouragements are those expressions stated in the @replies that were aimed at encouraging the poster to keep up their activities. Examples of these encouragements are "Keep practicing!" "You can do it! I believe," and "Keep it up, you'll get there." About 1% of the Strava comments contained encouragements. "Expressions of sympathy" is a second subcategory. These were found in 1.3% of the @replies and 2.7% of the Strava comments. This sympathy was expressed when a poster reported on a positive or negative experience during the activity, for example, the Strava activity named:
Spindletop spin, crash at mile 70 got the following replies: oh no. hope you're ok?
Sorry to hear about the bike and helmet.:). Body will heal…. Glad to hear you're ok.
Relational support refers to expressions of love and relational closeness (Braithwaite et al., 1999) , for example, "How are you doing my dear? Missing you xx get well soon xx." This subcategory was only present in the data to a limited degree on both Twitter (0.5%) and Strava (1.1%). "Physical affection," expressed verbally, was found in only 0.2% of the @replies and not in the Strava comments. These are a verbal translation of physical expression of affection, for example, "*HUG*".
Tangible assistance was defined as the offering of concrete support to the poster of the activity (Braithwaite et al., 1999) . In the data, this generally translated into offering to start exercising together. This was more common on Strava (2.7%) than on Twitter (0.6%).
Showing interest, a category which was added to the existing framework, classifies all @replies and comments of followers that contained some form of question or remark regarding the activity addressed to the poster. About 7.8% of the @replies contained this type of remarks; for Strava, this was 9.7%. An example of such a reply was addressed to the following activity:
Just completed a 6.28 mi run -2 mile struggle then a very easy run. http://t.co/SWxxx#RunKeeper
The reply stated: @DxxPxx What race are you preparing for?
Discussion
This study provided a detailed insight in the amount and types of online support one can expect when posting an exercising activity to either an OFC or a social network site. Twitter and Strava were taken as case studies for our analysis. Social support on Twitter was defined by either receiving "favorites," "retweets," or @replies that contained social support. For Strava, receiving "kudos" or comments containing social support were considered social support. On Twitter, social support was noticeably less prevalent compared to Strava.
From the content analysis, it was clear that "esteem support" is by far the most prevalent type of social support on both Twitter and Strava. The prevalence of "esteem support" in OFCs, compared with "information support" being more common in online health communities (Coulson, 2005; Winzelberg, 1997; Winzelberg et al., 2003) , demonstrates the difference between the two types of online communities in terms of type of received support. When designing effective interventions, this difference should be taken into account. Integration of characteristics of both community types could result in a more complete and effective intervention, through a broader social support provision.
Receiving social support has been linked with improved adherence to health behavior programs (Luszczynska et al., 2007) . Our results illustrate what one can expected from social media in terms of receiving online social support for PA. With only 6.8% of the #RunKeeper activities on Twitter receiving some form of social feedback, it may seem that this is rather limited. This can largely be attributed to the affordances of Twitter. It can be assumed that performing the same analysis on, for example, Facebook will yield different results, as was also suggested by Cavallo et al. (2012) . Facebook is a social network site that is characterized by higher interactivity and closer friendship relations than Twitter (Hughes, Rowe, Batey, & Lee, 2012) . Twitter, on the other hand, provides its users with a higher level of anonymity. Unfortunately, accessing similar data on Facebook is not as straightforward as it is on Twitter due to the closed nature of Facebook accounts. Further research should apply a similar methodology to look into sharing PA on Facebook and the occurrence of social support from Facebook friends.
This study provides an innovative approach on how social support for PA occurs in online social media. However, some limitations of our study should be noted. First, as already stated above, only Twitter was used as a case study for social network sites. Twitter has its specific affordances and it is likely that the amount and type of social support is different on other social network sites such as Facebook. Second, tweets with hashtag #RunKeeper were used to illustrate the occurrence of social support on social network sites. It might have been an option to use #Strava tweets to allow better comparability between on and off-platform feedback. However, we believe that using different platforms can improve the generalizability of the results. Third, while emphasis was placed on the message that is shared on social media, it would have been interesting to provide more information on the OFC user who shares his or her PA. Relating social network size to the amount of received support would be an interesting analysis and provide further insight on the importance of online social networking in designing interventions. The share of PA-related status updates in the total number of statuses could deliver insights into the frequency of sharing.
Further research into online social support and health behavior could build on the methodology and results at hand. Our research focused on PA, but our methodology is applicable to several other fields of health behavior research, such as nutrition. Many OFCs exist that focus on tracking of food intake or weight loss (Mateo, Granado-Font, Ferré-Grau, & Montaña-Carreras, 2015) . It would be most interesting to see our methodology applied to this field. Furthermore, research should look into the potential effect of receiving certain types of online social support and actual adherence to PA programs. The increasing popularity of wearable activity trackers such as FitBit, Jawbone, and Moves also provides opportunities for research into PA as their easily accessible APIs are excellent tools for data collection and analysis. As indicated above, the results of this study may not be automatically generalizable to other social networks, such as Facebook, due to the specific nature of Twitter. The same methodology applied to Facebook may yield very different results. Last, future research should evaluate if receiving online social support effectively leads to increase in PA or better adherence to PA programs.
The results can also be of good use to practitioners. In promoting PA, using OFCs could be recommended to assist, for example, novice runners in their efforts. By using OFCs, users not only get the opportunity to monitor their progress but they can also expect experiencing social interaction with online peers and receiving social support, whether in the OFC or through sharing activities on external social media. Furthermore, integrating OFCs and social media into promotional programs for PA may help adherence to the program.
In conclusion, social media may be a good platform for receiving online social support for PA, although our results indicate that dedicated OFCs, such as Strava, where users share a similar interest and engagement in PA, will result in more social interaction and support. Furthermore, the difference in social support on Twitter, compared with Strava, suggests that the better users are acquainted, the more interaction and thus support can be expected. When designing interventions, these elements should be taken into account. The growing popularity of OFCs, as RunKeeper and Strava illustrate, is the value of their social networking element.
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